Aerobic anoxygenic phototrophic (AAP) bacteria play a relevant role in the marine microbial food web, but little is known about their long-term seasonal dynamics. Using Illumina amplicon sequencing of the pufM gene coupled with multivariate, time series and co-occurrence analyses we 35 examined their temporal dynamics over a decade at the Blanes Bay Microbial Observatory (NW Mediterranean). Phylogroup K (Gammaproteobacteria) was the most abundant over all seasons, with phylogroups E and G (Alphaproteobacteria) being often abundant in spring. A clear seasonal trend was observed in diversity, with maximum values in winter. Multivariate analyses showed sample clustering by season, with a relevant proportion of the variance (38%) explained by day length, 40 temperature, salinity, phototrophic nanoflagellate abundance and phosphate concentration. Time series analysis showed that only 42% of the Amplicon Sequence Variants (ASVs) analyzed presented marked seasonality but these represented most of the abundance (92%). Interestingly, distinct temporal dynamics were observed within the same phylogroup and even within different ASVs conforming the same Operational Taxonomic Unit (OTU). Likewise, co-occurrence analysis 45 highlighted negative associations between various ASVs within the same phylogroup. Altogether our results picture the AAP assemblage as highly seasonal, containing ecotypes with distinctive niche partitioning rather than being a cohesive functional group.
from the R package GeneCycle was used to determine the significance of the periodic components, 185 with a threshold of p<0.01 (Ahdesmaki et al., 2015) . The time series was decomposed in three components -the seasonal periodicity (oscillation inside each period), the trend (evolution over time) and residuals -through local regression by the stl function. Additionally, the autocorrelogram was calculated through the acf function.
Network construction 190
Many methods exist to identify associations between OTUs/ASVs and environmental variables (Weiss et al., 2016) . However, microbiome datasets present some difficulties due to the sparsity (presence of a large number of zeroes) and compositionality (relative abundances subedited to a simplex, like 100%) (Kurtz et al., 2015; Gloor et al., 2017) . Since our study spans 10 years, codependency also exists, limiting the possible methods to use, and among those we chose Local 195 Similarity Analysis (LSA) (Xia et al., 2011; Durno et al., 2013) . Briefly, given a time series data and a delay limit, LSA finds the configuration of the data that yields the highest local similarity (LS) score.
We applied the Aitchison log-centered ratio transformation, more adequate for compositional data (Gloor et al., 2017) . Only the ASVs present in >5 samples and the environmental variables presenting <5% of missing values were used. The remaining missing values were replaced by imputation with 200 the mice package (Azur et al., 2012) . Only interactions with a LS >0.6, significance of p<0.001 and 1-month delay were taken into account. The network was plotted using the ggraph package (Pedersen, 2017) , including the nodes -ASVs and environmental variables -and the edges (connections between nodes) derived from the algorithm scores.
Reproducibility 205
The code and details used for preprocessing and statistical analyses can be found in the Gitlab repository: https://gitlab.com/aauladell/AAP_time_series. Sequence data has been deposited in Genbank under accession number PRJNA449272.
Results and discussion
Interpretations of observations that use genes as biological objects depend to a large extent on 210 similarity thresholds that may group together an appreciable amount of phenotypic diversity. With the appearance of threshold free algorithms for the detection of sequence variants, the analysis of ecotypes can be applied to a more refined level (Eren et al., 2015; Callahan et al., 2016) . In that way, we were able to divide the pufM OTUs and distinguish ASVs showing a divergent seasonal behavior potentially representing distinct ecotypes. The decadal analysis allowed determining 215 whether the community structure trends are robust, as well as to explore if different ASVs present similar seasonal behavior to, ultimately, test the ecological cohesiveness of these populations, a result only possible through long-term time series analysis.
Community composition and structure
While the number of OTUs detected was of 449 (94% similarity cutoff), the number of ASVs was 220 820. Of these, 276 present only 1 nucleotide variation between sequences. Rarefaction curves showed asymptotes at the sequencing depth for most samples ( Figure S1 ), suggesting that our dataset covers most of the AAP diversity in Blanes Bay. In comparison with the number of OTUs observed in previous temporal studies (82 OTUs, Ferrera et al., 2014, and 89 Bibiloni-Isaksson et al., 2016) , our study presents a more complete picture of the pufM diversity, being the largest dataset of 225 AAP diversity ever reported. Alphadiversity measurements showed that values were higher during winter (mean 51, max 126 observed ASVs), decreasing to minimum values in the spring-summer period, specifically during May-August (mean 35, max 77) (Figure 1 ). The differences between winter and spring/summer were statistically significant (ANOVA, p<0.05) . A similar trend was observed when computing Shannon and Simpson diversity indices (Figure 1) . 230
We observed a negative correlation between day length and the Shannon index (N=119, Pearson r=-0.57, p<0.01). The diversity relationship with day length had been observed previously in long-term bulk bacterioplankton community studies (Gilbert et al., 2012) , as well as when targeting specific phylogenetic groups such as the SAR11 (Salter et al., 2015) . A possible explanation is that the deep winter mixing allows the development of high diversity assemblages in contrast to the selection of 235 specific oligotrophic ecotypes occurring during the stratified summer season (Salter et al., 2015) . Our results confirm that the trend observed for 16S rRNA-defined taxa is comparable to that of the AAP functional assemblage. Interestingly, the trend in alphadiversity is contrary to that of AAP abundance ( Figure S2 ). An abundance increase during summer as compared to winter and fall (p<0.01) was measured by qPCR. These results support the observations from other studies that also 240 presented the AAPs to be more abundant during summer (Ferrera et al., 2014; Bibiloni-Isaksson et al., 2016) .
Regarding community composition and structure across the decadal period (Figure 2 , Figure   S3 ), phylogroup K (Gammaproteobacteria) was the most ubiquitous and abundant over the years (83.4 ± SE 2.2, mean relative abundance). Contrarily to observations for other oceanographic regions (Yutin et 245 al., 2007) , gammaproteobacterial AAPs appear to be the most abundant in the Mediterranean Sea (Lehours et al., 2010; Ferrera et al., 2014 ). Yet, February and March showed a decrease in their contribution (59.6% and 52% mean respectively). During these months, phylogroups E and G (Rhodobacter and Roseobacter-like, respectively) increased in their relative contribution albeit with a high variation over the decade (~ ±14% and ±25% SD respectively). As an example, the contribution of 250 phylogroup E in 2006 reached ~47% of the total community sequences from February to April.
Conversely, in the same period of 2005 the contribution of this group was really low (2%). Overall, phylogroups F (Rhodobacterales-like), H (uncultured), J (Rhodospirillales-like) and the unclassified ASVs presented a mean relative contribution below 1%. However, these groups presented occasional peaks (>1% relative abundance) with no clear periodic trend. For example, phylogroup J showed a 255 contribution of 14% in February 2012 ( Figure S3 ). When analyzing the structure of the assemblage, we observed that most reads corresponded to very few sequence variants ( Figure S3 ). Thus, the structure of AAPs follows a comparable pattern to the whole microbial communities, i.e., they are dominated by a few species while containing a large number of species represented by only a few individuals (Pedrós-Alió, 2012) . 260
Within the Gammaproteobacteria, the high abundance values of phylogroup K (represented by sequences affiliated to the type strain Congregibacter litoralis of the NOR5/OM60 clade) were related only to a few sequence variants (10-15 depending on the year). The most abundant sequence variant was ASV1, which corresponded to 18% of the total read abundance, followed by ASV2 (8.2%), ASV5 (6.6%) and ASV6 (6.2%). A similar trend was observed for phylogroups E (ASV8, 5.6%) and G (ASV14, 265 3.7%), both Rhodobacterales-like. The results were even more pronounced at the OTU level: a single OTU corresponded to 35% of the total read abundance. A previous study on 16S rRNA gene diversity in the same location suggested that Alphaproteobacteria dominates the bacterial assemblages during the spring bloom that occurs in that study site (Alonso-Sáez et al., 2007) . Likewise, in the 1-year study of AAP diversity conducted by Ferrera et al. (2014) , alphaproteobacterial members of the AAP were more 270 abundant during this season. In our long-term analysis, despite we also observed that in some years phylogroups G, E and F were more abundant during March-May (Figure 2 ), taking into account the entire decade, phylogroup K was overall the most abundant during these months (65% mean relative abundance).
Betadiversity analysis
To determine similarities between samples, betadiversity was compared using Bray-Curtis dissimilarity and non-metric multidimensional scaling (nMDS). The nMDS indicated a clear separation of the samples at different temporal scales: by month (PERMANOVA R 2 =0. 39, p<0.001) and by season (PERMANOVA R 2 =0.25, p<0.001). This structure was maintained using alternative distance measurements ( Figure S4 ). Spring and winter samples presented higher dissimilarity 280
within their values in comparison with summer and autumn (Fig S4) . The reasons for this pattern are uncertain but it could be related to higher environmental variability or to the mixing of the water column that occurs during winter (Gasol et al., 2016) . Noteworthy, despite the monthly assemblages seemed to be recurrent over time there was a remarkable exception. In November 2006, the ASV distribution was completely different to that found during that month in other years. In 285 that particular sample, betaproteobacterial phylogroup I (33%), and alphaproteobacterial phylogroups F (26%) and G (19%) dominated the composition of the community ( Figure S5 ). When observing all the environmental variables for that sample, we found that particularly the abundances of picoeukaryotes and phototrophic nanoflagellates were above seasonal averages ( Figure S6 ). This observation is a clear example on how members typically found in the rare 290 biosphere can eventually become abundant (Pedrós-Alió, 2012).
Community structure distribution was significantly linked to day length, temperature, salinity, PO4 3-concentration and the abundance of phototrophic nanoflagellates as revealed by distance-based redundancy analysis (Figure 3 , PERMANOVA p<0.01). With these 5 variables, the dbRDA explained 38.1% of the variation, with the 2 first axis explaining the 32.9%. Interestingly, a 295 group of samples, mainly from winter and spring, appeared to be related to the phototrophic nanoflagellate abundances (Figure 3) , and to ASVs belonging to phylogroups E and G (Rhodobacterales-like) ( Figure S7 ). This biotic parameter could be related to the phytoplankton spring bloom that typically occurs in February-March in Blanes (Gasol et al., 2016) . Late spring and early summer samples were mostly influenced by day length and temperature, with autumn samples 300 partially influenced by salinity. Day length has previously been shown to explain the seasonal variability of the whole bacterioplankton (Gilbert et al., 2012) and AAP community structure (Ferrera et al., 2014) , but the mechanisms underlying this relationship are unclear. Summing up, the dissimilarity measurements with the environmental variables as explanatory variables distinguished 3 groups: the summer samples, related to the high abundance of 305 gammaproteobacterial ASV1 and temperature, the fall/early-winter cluster, with more diverse communities related to other gammaproteobacterial ASVs and salinity, and the winter-spring samples, highly variable due to the effect of diverse ASVs related to alphaproteobacterial phylogroups G and E and to the phototrophic nanoflagellate abundance.
Finally, to study the evolution of the community over the decade, a comparison of the Bray-310
Curtis similarity between samples was plotted against the time lag, commonly known as the timedecay curve (Shade et al., 2013; Fuhrman et al., 2015) . In our study, the assemblage was maintained with a median similarity of 0.45, with oscillations with the maxima every 12 months (~0.55) and the minimum every 6 months (~0.39). The similarity oscillates with one-year apart peaks, indicating a high seasonal behavior, with a slight negative slope in the global linear regression (Figure 4 ). To our 315 knowledge, this approach had not yet been applied to a functional group defined by a marker gene.
Comparing the results to the 16S rRNA data from the SPOT and the Western Channel time series results (see Hatosy et al., 2013 for details) we observe that in SPOT, the seasonal turnover is less clear than in our location, and an initial decay of similarity is observed, reaching a plateau of similarity after 4 years (Fuhrman et al., 2015) . In the Western Channel, the seasonality is equally 320 marked but the decay is more pronounced. A possible explanation for the differences is that our comparison accounts only for a highly seasonal sub-community while the overall bacterial/prokaryotic community varies more. Further analyses with other functional genes would help understand how the different functional groups distribution varies over time.
Time series analysis 325
Through long-term analysis we approached the seasonality of each ASV by evaluating if their relative abundance distribution presented a significant periodicity (Fisher G-test), and if so, compared them at different levels: across closely related sequences (ASVs) and across sequence clusters (OTUs and phylogroups). Seasonal patterns were present in 58 (p<0.01) out of 127 ASVs analyzed (those present in >5 samples), predominantly affiliated with phylogroups K (39 ASVs), E 330 (5) and G (3) and the unclassified group (7) ( Table 1, Table S1 ). These seasonal ASVs corresponded to 92% of the total read counts, and 81% of the counts corresponded to phylogroup K (Gammaproteobacteria). All periodicities found were of 1 year, with the exception of ASV152 (Gammaproteobacteria), presenting a periodicity of 2 years. Some of these ASVs were always abundant (>1%) regardless of season (all from phylogroup K), some presented values above 1% in a 335 specific season (seasonally abundant), and other ASVs peaked in abundance (>1%) only occasionally (i.e. opportunistic; see examples in Figure S8 , S9, S10, S11). In fact, most ASVs were opportunistic, with low abundance during the decade and peaking only occasionally. Various studies of the whole bacterioplankton community have presented these variety of strategies coexisting within a given clade (Shade et al., 2014; Alonso-Sáez et al., 2015; Fuhrman et al., 2015) . Our 340 results reveal that this trend is maintained for a specific functional assemblage, with few generalist ecotypes and a larger pool of specialized ASVs within each phylum. While the previous AAP temporal studies provided insights of the inter-annual community structure, only long-term analyses can differentiate tendencies from occasional peaks of rare specialized ecotypes.
by phylogroups E and I ( Figure S12B ). These results could indicate a higher degree of ecotype differentiation in gammaproteobacterial phylogroup K as compared to alphaproteobacterial phylogroups E and G in the NW Mediterranean. 370 Ferrera et al. (2014) suggested that the high abundance of Gammaproteobacteria-like AAPs in summer together with the relationship with day length could be an indication of phototrophy serving as auxiliary energy source to use the refractory dissolved organic carbon that accumulates in summer in this coastal station (Vila-Reixach et al., 2012; Romera-Castillo et al., 2013) . Our results point out that this hypothesis may not be true for the whole community and rather only for certain 375 ecotypes, such as ASV1, 2 and 5. Contrarily, ASV5, 11 and 21 possibly have preference for a more eutrophic environment like that of spring blooms, or are associated to specific phytoplankton species, presenting a high fluctuation likely because of the relationship with these events. 
Co-occurrence analysis of the assemblage
Out of the 127 ASVs present in >5 samples and 14 environmental variables, the final network presented 49 nodes and 54 edges, separated in 12 components (that is, 12 subnetworks withoutconnections among them) with 6 of them presenting more than 3 nodes (Figure 6 ). Of these subclusters, some were composed by closely related ASVs (that would form the same OTU) and presented the same ecological distribution, like ASV1, 2 and 15 (all OTU1, group K). Others, like ASV33 and 63 (also OTU1), were dissociated, with differences in their distribution. The network revealed that temperature plays an important role on the distribution of some ASVs, with a lagged 395 negative correlation with ASV11, 18 and 10 and a positive one with ASV27. We also observed that phylogroups G and E (both Alphaproteobacteria) are positively related between them while presenting negative associations with ASV30 and 35 (phylogroup K). The negative association of phylogroup K and phylogroup G OTUs highlighted in this study was previously spotted by Ferrera et al. (2014) as well as by Bibiloni-Isaksson et al. (2016) . Genome sequencing and strain 400 characterization of AAP isolates have revealed differences in the metabolic capabilities and physiological properties of different strains (Koblížek et al., 2003; Fuchs et al., 2007) . The lack of seasonality at a higher taxonomic level for some phylogroups, as well as the network negative associations, may suggest that intergroup competition between different AAPs exists or that different AAPs possess diverse strategies to adapt to a changing environment. 405
Concluding remarks
Our study shows the advantages of long-term time series for describing the microbial seasonal periodicities of a specific functional group. The results confirm that the AAPs present the peak of diversity during winter, opposite to their abundance, and that gammaproteobacterial AAPs are the most abundant in the Mediterranean Sea year-round. Moreover, the study shows that the 410 assemblages have recurrent seasonality over the years. Yet, despite the most abundant ASVs were clearly seasonal, phylogroup K as a group did not present a stable seasonality. Contrarily to the recent spatial study of Lehours et al. (2018) in which they reported ecological cohesiveness when comparing contrasting biomes, we found that the AAP do not appear as coherent when studying their temporal dynamics at a high-resolution level and seem to be instead formed by different 415 ecotypes with distinctive niche partitioning. Overall, these results show that the analysis of a long time series allows exploring in-depth patterns of a highly dynamic microbial group and provides a framework for modeling their ecological role in relation to seasonality of the marine carbon cycling. 
